Abstract: In this paper, we propose a variable precision rough set analysis of multiple decision tables. Each decision table is regarded as a collected information about an individual opinion. By a rough set analysis of each decision table, we may capture the core opinion of each individual by the lower approximation and marginal opinion by the boundary region. Based on this idea, we propose a rough set approach to capturing the group consensus or agreeable opinions. To this end, we analyze multiple decision tables. In order to treat the error caused by human evaluation as well as to accommodate disagreements among individuals, we apply a variable precision rough set model. To treat the possible difference of evaluated objects among decision tables, we propose two approaches. In both approaches, we define lower and upper approximations under multiple decision tables and multi-agent rough sets are defined by a pair of lower and upper approximations. Moreover we describe a rule induction method under a multi-agent rough set. The approach is applied to real data about preferences of several students among Japanese companies to be employed.
INTRODUCTION
Recently, the applicability and advantages of rough sets [1] have been demonstrated in the literatures. The rough set analysis has been developed under a single decision table. However, we may have multiple decision tables when the information comes from multiple information sources or when objects are evaluated by multiple decision makers. In such cases, it would be better for obtaining more robust and accurate results to analyze all information provided from multiple decision tables in a lump. When each decision table is obtained from a decision maker, it can be regarded as information about the opinion of the decision maker. Therefore, the analysis of multiple decision tables is important for the investigation of group opinion, agreement in the group and group preference. We focus on the case when multiple decision tables are obtained from many decision makers.
In order to know product designs which are preferred by many customers as decision rules, Enomoto et al. [2] discussed rule induction from multiple decision tables based on rough set analysis. To analyze multiple decision tables, they proposed merging decision rules which is originally proposed by Mori [3] in analysis of single decision tables. However, in their method, we should first enumerate all decision rules from each decision table and then merge decision rules obtained from different decision tables. This requires a formidable computational effort and will be inapplicable when each decision table becomes large. Moreover, it is reported that the results can be different by the order of decision rules to be merged [4] . They proposed a few heuristic methods to order decision rules to be merged [4] . Then this approach includes a brute force method in the enumeration of decision rules from each decision table and also some ad hoc and heuristic methods to order decision rules to be merged.
In order to treat the problem more theoretically, Inuiguchi et al. [5] have discussed rule induction from two decision tables. They extended the discernibility matrix method [6] to the case of two decision tables. They showed that there are a lot of approaches to treat the problem even in two decision tables. However, some of their various approaches cannot be applicable in the real world because they require a lot of computational effort.
In this paper, we propose a new rough set approach to analysis of multiple decision tables. While the previous approaches have focused on induction of decision rules, the proposed approach focuses on the definition of a rough set, i.e., definitions of lower and upper approximations. Since the rough set is defined under multiple decision tables each of which shows an individual decision maker's opinion, the rough set is called a multi-agent rough set in this paper. Given a rough set, we may define a reduct, induce decision rules, and so on. Then a definition of rough set can play a key role in analysis of multiple decision tables.
In order to treat the error caused by human evaluation as well as to accommodate disagreements among decision tables, we introduce the variable precision rough set model. Sets of objects are not assumed to be common among decision tables but sets of attributes and their domains are. Under this assumption, an object can be absent in some decision tables. Depending on the treatment of the absent objects, two kinds of multi-agent rough sets are proposed.
In the next section, we briefly introduce decision tables and variable precision rough sets. We reformulate the Table  2 . In Table  2 , each entry in column '"q' shows a vector ("qc(wj, accept), "qc(wj, reject)).
In rough set analysis, the order of objects appearing in a decision 
The relations of C(X) and C(X) with usual lower and upper approximations C* (X) and C* (X) are given as (10)
A rough set of X is often defined by a pair (C* (X) , C* (X)).
In this paper, a pair (C(X), C(X)))is called a rough set of X.
In the rough set defined by a pair (C(X)), C(X)) , patterns wi included in lower approximation C(X) satisfy ƒÊc(wi, X) = 
A VPRS of X is defined by a pair (CƒÃ1, (X),CƒÃ (X)). As can be seen easily, we have CƒÃ1 (X) = C(X) and CƒÃ1 (X) = C(X) when ƒÃ1 = 0 . As ƒÃ1 increases, CƒÃ1 (X) becomes larger and CƒÃ1(X) becomes smaller.
The following properties hold:
In this paper, we propose rough sets under multiple decision tables each of which is obtained by human evaluations. In consideration of the error caused by human evaluation as well as the disagreements among decision tables, the VPRS model is applied to the definitions . (7) with the exception of a case when Bk (w) = 0. Namely,
where "qTBi is a frequency function of decision where a(wi) is a value of attribute a that object wi takes and * stands for "do not care" .
Regarding (a, a(wi)) as condition "a(x) = a(wi)", sufficient conditions of decision rules are obtained as prime implicants of the following logical function f: (38) observed data and to demonstrate the procedure of the proposed approach, we use data about the preference among Japanese companies for students to be employed.
The data was collected by questionnaire shown in Table 3 from 18 university students belonging to laboratories in systems engineering field. Twenty-one companies were selected and each student evaluated 12 companies randomly chosen from the selected 21 companies. Table 4 as an example. Table  9 . Table 6 . CONCLUDING REMARKS
From
In this paper, we proposed a rough set analysis of multiple decision tables in order to induce common rules. We assume that each decision table shows a decision maker's opinion. The rough set analysis was proposed to obtain common opinions as common rules. In the proposed model include some parameters controlling the inconsistency in each decision table and the conflicts among decision tables. A decision matrix method is extended to extract common decision rules. Collecting a lot of preference/opinion data from each decision maker is not an easy task. Then the estimation of absent condition attribute patterns will be important to find more candidates of common opinions. In this paper, we apply an estimation method only to condition attribute patterns appear in one of given decision tables. It would be better to apply the estimation also to absent condition attribute patterns which do not appear in any decision tables. By doing so, we may find more common decision rules since any decision rule cannot be obtained by many rule induction methods based on rough sets such as a decision matrix method and LERS [8] without condition attribute pattern in lower/upper approximations. Moreover, such new decision rules correspond to merged decision rules discussed in [2, 3] . It would be a problem to generate absent condition attribute patterns. The Monte Carlo method based on the distribution of existing attribute values would be one of the conceivable way.
For the estimation, we only proposed upper estimations of rough membership functions but we may have other ways. The investigation of other estimation method would be one of future topics. For the rule induction, we proposed one based on the decision matrix method. However, we may extend LEM2
[8] to induce common rules among many decision tables. This is also a future topic. Moreover, considering the variety of individual opinions, we would need to classify decision makers by their opinions before the analysis of common decision rules. In [9] , we have just proposed a clustering method of decision tables based on rough sets. There are so many ways to define similarity or dissimilarity between decision tables.
Such a clustering method would be another future topic.
ACKNOWLEDGEMENT
The author acknowledges that this work was partially supported by the Grant-in-Aid for Exploratory Research No.18651078. The author expresses the appreciation to Mr. Takuya Miyajima for his help in collection and analysis of data from students.
